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Next-generation sequencingNext-generation sequencing platforms generate short (50–150 bp) reads that can bemapped onto the reference
genome. Repetitive sequences in the genome, because of the presence of similar or identical sequences, cause
mapping errors in the case of the short reads. By ﬁltering short reads with repeats, mapping will be improved.
I developed RF. RF is a newmethod that ﬁlters short readswith tandem repeats. A scoring schemewas developed
that assigned higher scores to regionswith tandem repeats and lower scores to regions without tandem repeats.
In this study, RFwas applied toﬁlter out short readswith repeats, before short readsweremapped onto the same
genomic contig by using a short read-mapping program. The result suggests RF improved the proportion of cor-
rectly mapped short reads on ﬁltering the repeats. RF is a useful tool for reducing mapping errors of short reads
onto reference genomes.
© 2013 Elsevier Inc. Open access under CC BY-NC-ND license. 1. Introduction
Next-generation sequencing (NGS) platforms generate short
(50–150 bp) reads which are then mapped onto the reference genome
[1]. For computational tools that align NGS reads to a genome, the most
commonly encountered problem arises when reads align to multiple
locations. In humans, various types of repetitive sequences account for
approximately 50% of the genome [2], and they consist of perfect, or
slightly imperfect, copies of DNAmotifs of variable lengths [3,4]. Repet-
itive elements in the genome, owing to the presence of similar or iden-
tical sequences, sometimes cause mapping error of the short reads [5].
By ﬁltering short reads with repeats, mapping will be improved.
When the whole genome sequences of a human individual were deter-
mined, Fujimoto et al. [6] excluded short repeat regions that were
detected by Tandem Repeats Finder [7]. In their study, repetitive
sequences were deﬁned by RepeatMasker (http://www.repeatmasker.
org/). Tandem Repeats Finder is a widely used program for detecting
repetitive elements, and requires no prior knowledge of the repetitive
elements. Tandem Repeats Finder allows variation of repeat length
such that tandem repeats aswell as interspersed repeats can be obtained.
A large number of methods have been developed for detecting tandem
repeats [8]. Some of these methods search for repetitive sequences by
aligning the input genome sequence against a library of known repeats.
For example, RepeatMasker [9] uses Repbase [10]. It is plausible, how-
ever, that unknown repeats exist in the human genome.rumi-ku, Yokohama City,
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8 462 4634.
C BY-NC-ND license. In this paper, I developed the RF (Repeat Filter). RF is a newmethod
that ﬁlters short reads with tandem repeats. A scoring scheme was de-
veloped that assigned higher scores to regionswith tandem repeats and
lower scores to regions without tandem repeats. On the basis of the
theory of extreme value [11], Karlin–Altschul statistics were used to
test the signiﬁcance of regions with tandem repeats identiﬁed by
using the RF method. The effectiveness of the new method was com-
pared to that of Tandem Repeats Finder.
2. Theoretical background of RF
2.1. Overview of RF
RF consists of two components; a detection component and a test
component. The detection component deﬁnes a scoring scheme to
detect candidate tandem repeats. It is worth noting that regions with-
out tandem repeats may, by chance only, have high region scores as
well. By using the score of the region, the test component classiﬁes
the region with/without repeats by estimating the probability that
regions with a given score could appear by chance.
2.2. Detection component
The detection component deﬁnes a scoring scheme that assigns
higher scores to regions with tandem repeats and lower scores to
regions without a tandem to detect candidate tandem repeats.
The region score was deﬁned as the sum of the individual pairwise
nucleotide scores in a given alignment. Fig. 1 shows an example of a
DNA sequence in the human genome. To ﬁnd tandem repeats, the
DNA sequence is compared to itself by shifting m nucleotides. If 2 nu-
cleotides are the same, the score is 1, else the score is −1. As shown
G A C A C A C T C N NOriginal read
Shifted read N N G A C A C A C T C
Scores -1 -1 -1 1 1 1 1 -1 1 -1 -1
3
The Sum of Scores 4
2
MS 4
Fig. 1. Region scores and maximal segment pairs. The region score is the sum of the individual nucleotide pair scores in an alignment. A DNA sequence is aligned to itself by shifting
2 nucleotides. A high region score indicates that the region might contain tandem repeats.
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A high region score indicated that the region is likely a repeat because
many pairwise nucleotides with high scores exist in that region.
A maximal segment (MS) is deﬁned as the highest-scoring pair of
identical-length segments chosen from the DNA sequence and the
m-shifted sequence [12]. Because the boundaries of an MS are chosen
to maximize its score, an MS may be of any length [12]. The MS score,
which the new algorithm heuristically attempts to calculate, provides
a measure of possibility (probability) that any pair of sequences lies
within a repeat region. Our aim was to identify whole regions that are
likely to be repeat regions. Therefore, a segment pair was deﬁned as lo-
cally maximal if its score could not be improved by either extending or
shortening both segments. The new algorithm can search all locally
maximal segment pairs with scores above a predetermined cutoff
value,which is a function of the signiﬁcance level (see the next section).
An important advantage of theMSmeasure is that recentmathematical
results allow the statistical signiﬁcance of MS scores to be estimated










































Fig. 2. The relationship between the score and the number of maximal segment pairs
(MSPs) that exceed the computer simulation score. Closed triangles: GC content =
38.25%. Open squares: GC content = 41.01%. Closed circles: GC content = 48.34%. The
dashed line denotes the signiﬁcance level P = 0.01%.2.3. Testing component
Karlin and Altschul [13] developed a theory for local alignment
statistics for their BLAST search algorithm [13]. In the case of a
BLAST search, the probability of the score follows the extreme value
distribution [14]. In the case of locating genes [11], the score also
ﬁts this distribution well. The score deﬁned in this study also appears
to follow this distribution under the condition that there are no re-
peats. By using the distribution, we can determine the threshold
value for the given signiﬁcance level.
In this study, computer simulationswere conducted to determine the
threshold value using random computationally generated sequences. It
is worth noting that variation in GC contents exists among human chro-
mosomes [15]. For example, chromosome 19 has the highest GC content
(48.34%), whereas chromosome 4 has the lowest (38.25%) GC content,
and the average GC content is 41.01%. By computer simulation, 3 random
sequences of 10 megabases in length were generated with GC contents
of 38.25%, 40.01%, and 48.34%. From these generated sequences, regions
with high scoreswere obtainedusing the algorithmdescribed above. The
number of high-scoring regions was then counted, and their scoreswere
recorded.
Fig. 2 shows the relationship between the score and the number of
MSPs that exceeded the score. In this study, various values of scores
were used as threshold.
If tandem repeats with n length pass the test, the repeat regions are
masked, and the DNA sequence is shifted by n + 1 nucleotides. By
applying this procedure from n = 1 to n = 100, tandem repeats were
obtained. The executable binary of the new algorithm is available
at the following address: http://sourceforge.jp/projects/parallelgwas/
releases/?package_id=13542.3. Materials and methods
3.1. Genome data
I used genomic contig NT_011255.14 of human chromosome 19 of
the NCBI human genome (Build 37) because the density of short tan-
dem repeats of human chromosome 19 is relatively higher than that
of other human chromosomes [16]. The length of NT_011255.14 is
7,286,004 nucleotides. For the mapping process, two types of data
sets were prepared from the DNA sequence of contig NT_011255.14.
One is a set of short reads, the other is the reference sequence. As
short reads, the DNA sequence of the chromosome was cut into
short reads with lengths of 70 bp. These reads were not overlapping.3.2. Filtering short reads with repeats
By using Tandem Repeats Finder [7] version 4.04 and the newmeth-
od, the short reads with repeats were ﬁltered out. Filtering by Tandem
Repeats Finder was conducted with the following options: match = 2,
mismatch = 5, delta = 5, PM = 80, PI = 10, minscore = 30, and
maxperiod = 200, as previously conducted by Frith et al. [17]. The
new method was evaluated by using various threshold values.
Table 1
Effect of ﬁltering of short reads that have tandem repeats to genome mapping.
Short reads that passed
the ﬁlter
Short reads that were
mapped onto correct
place of the genome
Number Proportion Number Proportion
Without ﬁlter 104,086 100.00% 103,063 99.02%
Tandem Repeats Finder 70,220 67.46% 69,648 99.19%⁎
RF (threshold = 8) 88,579 85.10% 87,924 99.26%⁎
RF (threshold = 9) 88,579 85.10% 87,924 99.26%⁎
RF (threshold = 10) 88,579 85.10% 87,924 99.26%⁎
RF (threshold = 11) 91,169 87.59% 90,469 99.23%⁎
RF (threshold = 12) 93,019 89.37% 92,325 99.25%⁎
RF (threshold = 13) 94,396 90.69% 93,659 99.22%⁎
RF (threshold = 14) 95,527 91.78% 94,777 99.21%⁎
RF (threshold = 15) 96,458 92.67% 95,710 99.22%⁎
⁎ Signiﬁcantly larger than the case without ﬁltering (chi-square test, P b 1%).
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Using a short read mapping program, BWA [18], the short reads
were mapped onto the same genomic contig.4. Result
Table 1 shows the number of short reads that passed the ﬁltering by
using Tandem Repeats Finder [7] and by using the new method. This
table also shows the number of short reads that passed the ﬁltering
but were mapped onto the wrong place on the genome by using BWA
[18]. The proportion of the short reads thatweremapped on the correct
position is signiﬁcantly improved by using the ﬁltering methods
(chi-square test, P b 1%). The proportion of short reads that passes the
ﬁlter is 85.10% while that of Tandem Repeats Finder is only 67.46%.
The number of short reads that passed the ﬁltering by Tandem Re-
peats Finder [7] and mapped onto an incorrect place of the genome
was smaller than that obtained by the new method. However, the
proportion of correctly mapped short reads after ﬁltering by the
new method was larger than that of Tandem Repeats Finder [7].
Table 1 also shows that the effect of the ﬁltering by the newmeth-
od depends on threshold value. As the threshold value increased, the
number of the short reads that passed the ﬁltering increased. The RF
method processes the ﬁltering procedure for a 7.2-megabase contig
within 2 min on a machine with a 1.6-GHz Core 2 Duo processor.5. Discussion
A newmethod for ﬁltering short reads that have repeats was devel-
oped. The proportion of correctly mapped short reads was improved by
ﬁltering the repeats. The result shown above shows the effect of ﬁlter-
ing repeats by using the RFmethod. It is worth noting that the threshold
value is the only parameter. The same computational tool may yield dif-
ferent results due to user-adjustable parameters [19].
The ratio of true positives among all positives will be improved by
RF as well as by Tandem Repeats Finder [7]. Tandem Repeats Finder
[7] is a widely used program for detecting repetitive elements, and re-
quires no prior knowledge of the repetitive elements. Tandem Re-
peats Finder allows variation of repeat length such that tandem
repeats as well as interspersed repeats can be obtained. This result
shown in this study indicates that Tandem Repeats Finder [7] is too
sensitive to be used for ﬁltering.
The RF method requires the fastq format for input. There is no re-
striction of the sequence length in the RF method. Patterns or sizes ofrepeats do not have to be speciﬁed. The output ﬁle format is also the
fastq format.
6. Conclusion
A new method for ﬁltering short reads that have repeats was de-
veloped. The ratio of true positives among all positives will be im-
proved by the new method.
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